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ABSTRACT 
 
Empirical Modeling of Deprivation Contagion among 
Social Exclusion Dimensions (Using MCMC Methods)*
 
Economic theory and empirical evidence clearly show that social exclusion dimensions are 
inter-related. Notwithstanding that, dimensions are usually assumed independent from one 
another in the economics literature. In this paper we explore the inter-dependency of social 
exclusion dimensions and study the transmission of deprivation among them. In particular, 
we propose the use of stochastic epidemic models, which are typically used to study the 
transmission of infectious diseases, to the analysis of deprivation diffusion among social 
exclusion dimensions with the aim of acquiring a deeper understanding of the mechanism 
governing deprivation transmission. We also provide an empirical implementation that 
investigates the consequences, in terms of future deprivation, for Italian and Spanish women 
of being jobless, as opposed to doing paid work. We also investigate the consequences of 
being unemployed versus being inactive. We conclude that working seems to act as a 
protective mechanism to shocks. In addition, conditional on losing one’s job, women who 
subsequently search for a job (unemployed) are more likely to experience contagion than 
women who do not search (inactive). 
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1. Introduction 
 
Over recent years, and more evidently since the EU Lisbon summit in 2000, social exclusion —or better, social 
inclusion— has become an increasingly important issue on the agenda of many European institutions, being also 
very present in many policy debates in Europe and elsewhere. This has triggered a renewed interest in the topic from 
both institutional and academic spheres1. We have seen, for instance, considerable advances in its measurement 
(Bossert, D’Ambrosio and Peragine, 2005; D’ambrosio and Chakravarty, 2003), in the empirical identification of the 
socially excluded (Whelan et al., 2002; Tsakloglou and Papadopoulos, 2002), or in the study of the dynamics of 
social exclusion (Poggi, 2007a and 2007b). However, our understanding of other relevant aspects of social exclusion 
is still rather limited. This paper deals with one of these aspects that, to the best of our knowledge, has never 
captured the attention of economist and social scientists in general; namely, the transmission of deprivation among 
social exclusion dimensions. 
 
Two distinctive and central features of the notion of social exclusion are its relativity and multi-dimensionality 
(Atkinson, 1998; Sen, 2000).2 Relativity stems from the impossibility of understanding exclusion without context or 
reference, which is normally taken to be the society where the individual belongs. The multidimensionality embraces 
economic, social and political aspects, and it has induced many social scientists to approach the concept from Sen’s 
capability approach (1985), as the failure to attain adequate levels of functionings that are deemed valuable in their 
society (i.e. Sen, 2000; Bossert, D’Ambrosio, Peragine, 2005; Burchardt et al. 2002; Poggi 2007a and 2007b).  
 
Economic theory and empirical evidence clearly show that these dimensions are inter-related, i.e. they are not 
independent from each other. For instance, lower levels of education and poor housing conditions are correlated with 
poorer average health (references), and poor health is correlated with lower education attainment (references). 
Notwithstanding that, dimensions are usually assumed independent from one another in the economics literature. In 
this paper we explore the inter-dependency of social exclusion dimensions and study the transmission of deprivation 
among them. In particular, we propose the use of stochastic epidemic models (Andersson and Britton, 2000), which 
are typically used to study the transmission of infectious diseases, to the analysis of deprivation diffusion among 
social exclusion dimensions with the aim of acquiring a deeper understanding of the mechanism governing 
deprivation transmission. 
 
The empirical part of the paper investigates the consequences, in terms of future deprivation, for women of being 
jobless, as opposed to doing paid work. There is ample evidence that women with children often decide not to work 
and look after their offspring (e.g. Ahn and Mira, 2002, Jaumotte, 2003). However, the decision not to work may lead 
to (higher chances of) future exclusion, due for instance to faster transmission of deprivation from one dimension to 
the others or to simply because they are more vulnerable to negative shocks. This is clearly an empirical question 
and we shall address it by means of our stochastic epidemic model and using data from the ECHP for the period 
1994-2001. 
 
This paper contributes to the literature in three ways. First, we propose a methodology to analyze deprivation 
transmission, which permits investigate the interdependency existing across social exclusion dimensions. Second, 
we help answer a very important empirical question: which are the consequences in term of deprivation transmission 
for women of being jobless, as opposed to doing paid work? Note that the answer to this question may have 
important policy implications. Third, we offer new empirical evidence on deprivation and social exclusion conditions in 
Italy and Spain. 
 
The remainder of the paper proceeds as follows. The next section is concerned about the modeling of the 
transmission of deprivation across social exclusion dimensions; estimation and inference issues are the subject 
matter of section 3, while section 4 observes manners of dealing with heterogeneous social exclusion dimensions 
and populations. Our empirical application to jobless women provides a relevant illustration of the methodology put 
forth in the previous sections. Finally, section 6 concludes with avenues for further research. 
 
 
                                                          
1 The institutional response to the Lisbon summit agreements was an unprecedented 70 million euro programme 
launched by the European Commission to promote social inclusion —with one of the main aims being to improve our 
understanding of social exclusion. 
2 Other relevant features include agency and dynamics. Notwithstanding that, these are not so much a concern of 
this paper. 
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2. Modeling deprivation transmission among social exclusion dimensions 
 
Social exclusion comprises several dimensions, which are assumed interdependent. Deprivation in a given 
dimension exists if the individual fails to attain adequate levels of achievement in that dimension —how exactly 
deprivation is to be measured is an empirical issue that will be tackled below in our empirical illustration. A dimension 
is defined susceptible if it is not deprived, i.e. if the individual does not suffer deprivation in that dimension. Two 
sources of infection are considered. Susceptible dimensions may be infected by a given infective dimension or by a 
factor external to the individual (e.g. job loss, divorce, sickness), and once infected they become infective. Thus, to 
remain susceptible at time t+1 a dimension must escape infection by the external source of infection and must 
escape infection from any other infected dimension of the individual. We want to model the transmission or infection 
of deprivation among dimensions from time t to t+1. 
 
Let qe denote the probability that a susceptible dimension at time t escapes external infection at t+1, and let qn 
denote the probability that a susceptible dimension at t escapes infection at t+1 when exposed to one infected 
dimension. Then, the probability that exactly j of the s initial susceptible dimensions of a given individual are infected 
from t to t+1, wjs, is given as (Longini and Koopman, 1982) 
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Lefèvre and Picard (1990) show that a closed form for wjs can be obtained in terms of a non-standard family of 
polynomials called Gontcharoff polynomials. Let U be a sequence of real numbers u0, u1, … Then, the Gontcharoff 
polynomials associated with U are defined recursively by 
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By comparison with equations (3) it follows that ( )UGH jj |1= , where U is the sequence with ith term 
. Finally, the closed form for winei qqu = js can be written as  
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It is important to bear in mind that dimensions are assumed homogeneous in two relevant aspects: they do not differ 
in their potential to infect others (e.g. housing deprivation has the same potential as health deprivation to infect, say, 
the socializing dimension), and all dimensions have the same probability of being immune to deprivation. Below we 
discuss ways to relax these simplifying restrictions. 
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3. Estimation Method and Inference: Markov chain Monte Carlo 
 
We use Bayesian inference and Markov chain Monte Carlo (MCMC) methods to estimate the two parameters of 
interest, qe and qn, required to obtain an estimate of the probability that exactly j of the s initial susceptible 
dimensions of a given individual are infected from t to t+1, wjs. 
 
For this we need to compute the joint posterior of qe and qn, ( )jsne nqq |,π , where njs denotes the number of 
individuals who had s a priori susceptible dimensions at time t and ended up with j infected dimensions at t+1. 
Assuming initial independence between the two escaping (external and internal) infection probabilities, qe and qn, 
from Bayes’ theorem we have  
 ( ) ( ) ( ) ( )nenejsne qqqqLnqq πππ ,|, ∝ ,   (5) 
 
where ( eq )π  and ( )nqπ  are the prior distribution of qe and qn, and ( )ne qqL ,  the likelihood function, is given 
by  
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which can be computed by using equation (4). We use a particular method of MCMC known as Metropolis-Hastings 
algorithm (see Gilks et al., 1996) to sample from the joint posterior distribution. The algorithm works as follows. 
Suppose a likelihood L and a prior density π. By Bayes’s theorem, the posterior density is cLπ, where c is the 
normalising constant. Now, construct a Markov chain {Zn} as follows: given the current state of the chain, say Zn = x, 
draw a possible new (candidate) point, y, from a proposal density q(y|x). Accept the candidate with probability 
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in which case Zn+1 = y. If the candidate is rejected, then set Zn+1 = x. Under mild conditions, the stationary distribution 
of this Markov chain is the posterior density (Gilks et al., 1996). Thus, to sample from the joint posterior distribution 
we simply run the Markov chain until it is deemed to have converged and then draw samples from the output. 
 
Since our two parameters have range (0, 1), we transform each one by using the logistic transformation  
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~ , 
 
so that the transformed parameters all have range R, and a normal proposal density can be used. The convenience 
of using such proposal density is that the acceptance probability of (6) reduces to  
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In order to compute the joint posterior of qe and qn, notice that  
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and that the Jacobian of this transformation is given by 
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Then, the joint posterior we actually compute is  
 ( ) ( ) ( )( ) ( )( ) ( )( ) ( )( ) ( )( )nenenejsne qgJqgJqgqgqgqgLnqq ~~~~~,~|, πππ ∝ . 
 
 
4. Modeling Heterogeneity 
 
In Section 2, we have assumed that both the population and dimensions are homogenous. We now discuss how to 
relax these simplifying assumptions, starting with the latter. As mentioned above, assuming homogeneous 
dimensions means that they do not differ in their potential to infect others, and that all dimensions have the same 
probability of being immune to deprivation. Therefore, we can incorporate heterogeneity in the model in the following 
two ways.  
 
First, we allow dimensions to differ in their potential to infect others, by letting qn depend on an infective dimension. 
More precisely, let qn be a realization of a random variable Q=exp(-Y), selected independently for each infective 
dimension, where Y is the duration of the deprivation period when each deprived dimension may infect another 
susceptible dimension at times given by the point of a Poisson process of rate 1. The closed form for wjs can still be 
computed (see Ball et al., 1997), and it may be written as: 
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where U is the sequence with ith term )(iu Yi φ= , )][exp()( YEY ϑϑφ −=  is the moment-generating 
function of Y, and EiU denotes the sequence ui, ui+1, … .  
 
Second, suppose that each susceptible dimension has some probability v of being immune to deprivation, perhaps 
due to (inherited) wealth (for housing deprivation), as a result of their cautious and healthy behaviour (for health 
deprivation), or of their education level (for monetary poverty). In other words, v can be defined as the probability of 
being protected from deprivation (if v=0 we assume homogeneity). Thus, the number of unprotected susceptible 
dimensions available at the start of the contagious process has a binomial distribution and the closed form for wjs can 
be written as (O’Neill et al., 2000): 
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Let us now turn to population heterogeneity. Should we be interested in analysing transmission probabilities by 
population subgroups, say gender, we could partition the population into two mutually exclusive groups (k=1, 2), and 
simply write the closed form for wjs  as: 
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where de  and dn are assumed zero if k=2 (with ]1,0[)( ∈+ ee dq  and ]1,0[)( ∈+ nn dq  if k=1). Note that the 
above expression can be easily extended to the case of n groups.  
 
However, as is well known, as long as other attributes are also responsible for the outcome of interest, this procedure 
will not be able to identify the true effect of interest (e.g. the effect of a particular characteristic or of a policy) because 
it will be confounded by the influence of all these other attributes. In other words, the effect of the treatment may be 
confounded with that of the factors that lead individuals to select different treatments. One means for adjusting 
between-group comparisons for pre-existing differences involves statistical matching.3 These methods generally 
specify a function measuring the proximity of one individual of the treatment group to one not-treated individual 
based on many covariates. This way, it is possible to create a comparison group for the treatment group minimizing 
                                                          
3 See Caliendo and Kopeining (2005) for a technical review. 
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the distance between matched cases. To do so, recent research has explored the use of the propensity score —that 
is, the predicted probability that an individual receives the treatment of interest. The propensity score captures all the 
variance in the covariates relevant for adjusting between-group comparisons (Rosenbaum and Rubin, 1983); as a 
result, one can simply match two groups based on this single variable. Once the two groups have been matched, it is 
possible to compute qe, and qn, for each group and compare the results across groups. This is the method we shall 
employ in our empirical application to study the effect of being jobless on contagion probabilities. 
 
 
5. Empirical application 
 
Joblessness is usually viewed as a bad thing, especially if it is involuntary. It is very much related to poverty (Nickell, 
2004), increases dependency between family members (e.g. spouses and youth), brings frustration and unhappiness 
if the lack of work is not desired (Clark and Oswald, 1994; Di Tella, MacCulloch and Oswald, 2003), —which ought to 
include unemployed but also some inactive—, and it is also inefficient. However, we do not know much about the 
effects of having no work today on tomorrow’s likelihood of experiencing deprivation, and about the mechanisms that 
govern such effects. Whether being jobless leads to future exclusion, due to faster transmission of deprivation from 
one dimension to the others, or simply because jobless people are more vulnerable to external shocks, is an 
empirical question. The purpose of this section is to find answers to these questions, and illustrate how our 
methodology is useful to provide helpful suggestion for policy design. To do so we analyse women in Italy and Spain, 
where they face low participation rates, high unemployment rates, and are often seen out of the labour force when 
close relatives need care. 
 
Social exclusion can be defined as a process that fully or partially excludes individuals or groups from social, 
economic and cultural networks of the society they live in. As we stressed above, social exclusion is a 
multidimensional concept, but the issue of which are the dimensions deemed relevant to identify an individual as 
excluded (and how to select them) is subject to ongoing discussion since a complete list cannot be unequivocally 
compiled (see, among others, Poggi, 2007a and 2007b; Brandolini and D’Alessio, 1998). Following the guidance 
offered by the previous literature, we select five relevant dimensions to capture all the principal aspects of social 
exclusion. The selected dimensions are “having an adequate income”, “basic needs fulfillment”, “having an adequate 
house”, “the ability to have social relationships” and “being healthy”. The first three dimensions describe the 
economic features of social exclusion, and the remaining two dimensions emphasize the social features of exclusion. 
 
We use all eight waves (1994-2001) of the European Community Household Panel (ECHP). The ECHP is a multi-
country comparative household panel survey conducted annually by following the same sample of households in 
Member States of the European Union. The advantage of the ECHP is that it permits us to analyse economic and 
social household conditions from a dynamic point of view. However, a significant disadvantage is the omission of the 
homeless, who are most likely socially excluded. Table 1 summarizes the operationalization of the five dimensions of 
social exclusion: it shows the ECHP items selected to correspond to each dimension. Note that most of the items are 
household level variables while others are individual level ones (note also that some items refer to subjective 
individual evaluations). For each selected item, we assigned a score of zero if the individual can afford the item (has 
the item or does not have ‘the problem’),4 and a score equal to one if the individual is deprived of that item. The 
individual is considered deprived in a given dimension if she suffers deprivation in at least one item.  
 
The unit of analysis is the individual: in particular, Italian and Spanish women aged 16-65 years. As pointed out 
above, both Italy and Spain exhibit low female labour market participation rates and strong family networks. 
Moreover, both countries are particularly interesting cases for the study of deprivation transmission because, during 
the period of study, they exhibit high levels of unemployment, severe poverty, and the abrupt decline in the traditional 
form of family-based care (European Commission, 2001; OECD, 2005; Adiego and Moneo, 2004; Arriba and 
Moreno, 2002; Jonsson, 2003). Hence, we believe that the comparison of the results across these two countries, as 
well as of the pooled data, makes sense and may lead to interesting conclusions. 
 
First we evaluate if deprivation transmission differs between women who continue working and women who are not 
working any longer. We initially select a sample of women that are working at year t-1, and from this, choose the sub-
sample of women that become jobless at year t (and remain jobless in t+1): this is our treatment group. The 
comparison group is the sub-sample of women that remain in paid work also in years t and t+1. Were we to compute 
the probabilities of deprivation transmission and to compare the results between groups, we would confound the 
                                                          
4 For example, she can afford a durable or she has an indoor flushing toilet or she has a very good/good/ fair health 
or she talks to (meets with) any of the neighbour at least once a month or she does not have an accommodation with 
damp walls. 
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effect of changes in employment status with the influence of many other observable attributes which differ between 
treatment and comparison groups, and which are also responsible for deprivation transmission (see Appendix A). To 
solve this problem, we implement propensity score matching using a score computed from a logit model, which 
estimates the probability of becoming jobless conditional on a set of pre-treatment observable characteristics —
basically personal characteristics and job attributes measured at year t (when all the women are working). In order to 
choose the specification of the logit model, we start with a parsimonious specification and then test up by iteratively 
adding variables to the specification until tests for mean differences in covariates between treatment and comparison 
units become statistically insignificant (see Appendix A). Note that the key identifying assumption in the propensity 
score matching technique is that the outcome be independent of the change in employment status, conditional on the 
observable characteristics. A region of common support is assumed.5 We use the caliper matching method, a 
refinement of the nearest neighbour method which allows matches within a specified distance of the score of the 
treatment unit, thus permitting to eliminate bad matches. Results of the logit models on becoming jobless are 
reported in Appendix A. Descriptive statistics of the treatment group of women by country are reported in Table 2 
columns (a). About 23% of the women in the treatment group are poor, 22% do not achieve the basic needs 
fulfillment, about 20% suffer some housing deprivation, about 6% have some health problems, and 10% suffer social 
relationship deprivation. The susceptible dimensions are on average about 4. 
 
Table 3 reports the estimates of our stochastic epidemic model for treatment and control women. Let us first look at 
the pooled sample including both Italian and Spanish data. The probability that a susceptible dimension at time t 
escapes deprivation infection by external factors at t+1 (qe) for jobless women and for control women is, respectively, 
0.901 and 0.939. In other words, deprivation contagion by external forces is 3.80% more likely for jobless women 
than for women in paid work. On the other hand, the probability that a susceptible dimension at time t escapes 
deprivation infection at t+1 when exposed to one infected dimension (qn) for jobless women and for control women is, 
respectively, 0.984 and 0.987. This means that deprivation transmission within dimensions (contagion due to internal 
forces) is slightly more likely for jobless women than for women in paid work (0.30%). Note that we find similar results 
when performing the analysis for each country separately. This evidence suggests that working seems to act as a 
protective mechanism to shocks, being particularly effective against shocks due to external forces. By construction of 
our matching strategy, both groups should face similar ex-ante distributions of external and internal shocks; that is, 
provided we capture all relevant determinants of those distributions in our matching variables. Therefore, such 
prophylactic effect arises from the beneficial sides of working per se, be it higher earnings and thus income, better 
mental health or richer socializing. 
 
The jobless women above are heterogeneous in one important aspect that might have a bearing on contagion 
probabilities: some are actively looking for a job whereas some others are not. That is, they are either inactive or 
unemployed. Next we investigate whether inactivity leads to different deprivation transmission probabilities than 
unemployment. To do so, we define a new treatment group of inactive women and a new control group of 
unemployed women, and use propensity score matching with the same covariates as before. Information about 
matching quality and results of the logit model on inactivity are reported in Appendix B, descriptive statistics of the 
composition of the treatment group (inactive women) are presented in column (b) Table 2, and deprivation escape 
probabilities for treatment and control groups are shown in Table 4. We find that deprivation contagion by external 
and internal forces are respectively 2.6 and 5.1 percentage points more likely for unemployed than for inactive 
women. Given that the two groups are observationally equivalent at t-1, due to our matching strategy, the differences 
in contagion probability estimates ought to be attributed to the direct effect of unemployment and inactivity. For 
instance, the difference in contagion probabilities may be a reflection of the differential effect of the sudden drop in 
income caused by the job loss, which in turn obliges some women to search for another job.  
 
Finally we will apply our methodology to the analysis of women, whose inactivity is due to housework chores and 
duties, child caring and rearing or looking after other dependent persons.6 This is an especially relevant group since 
there is plenty of evidence that women with children often decide not to work and look after their offspring (e.g. Ahn 
and Mira, 2002). The interesting and policy relevant issue is whether these women are more or less exposed to 
deprivation contagion or more or less vulnerable to external shocks than other inactive women relative to women with 
identical relevant characteristics who nevertheless decide to look for a job. 
 
                                                          
5 We are aware that this procedure entails some potential problems: the support condition may fail in interior regions; 
good matches could be lost near the boundary of support region, and excluding observations in either group may 
change the parameter being estimated. 
6 They represent 55.6% of all inactive women in our sample, see Table 5. 
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Estimates from the two matched samples7 show that deprivation contagion by external forces is slightly more likely 
for these inactive women than for unemployment women (0.80%), while the opposite is true for internal contagion 
(Table 8). That is, deprivation contagion within dimensions is much more likely for unemployed women than for 
inactive ones (6.9%). In order to understand these results, compare the probabilities of inactive and unemployed 
women of tables 4 and 6. Contagion probabilities of inactive women do not change, despite referring to different 
groups of inactive women —which suggests that the type of inactivity may not be relevant. Therefore, the differences 
in internal and external contagion probabilities between inactive and unemployed women are mostly due to the 
change in probabilities between the two groups of unemployed women. As columns (b) and (c) of Table 2 show, 
these two groups do not have the same characteristics, and some of these differences may be responsible for the 
different contagion probabilities. In other words, those looking for a job in a situation where many decide to remain 
inactive are probably in need, and thus both external and internal shocks are more likely to hurt, as compared to all 
unemployed women. 
 
 
6. Concluding Remarks 
 
In this paper, we explore the inter-dependency of social exclusion dimensions and study the transmission of 
deprivation among them. In particular, we propose the use of stochastic epidemic models (typically used in 
epidemiological analysis but, as far as we know, never used before in economics) to study the deprivation diffusion 
among social exclusion dimensions with the aim of acquiring a deeper understanding of the mechanism governing 
deprivation transmission. We also show how Bayesian inference and Markov chain Monte Carlo methods can be 
employed to empirically estimate the parameters of interest, i.e. the probability of avoiding infection from factors 
external to the individual (e.g. job loss, divorce, sickness) and the escape probability of within dimension deprivation 
transmission. We begin assuming that population and dimensions are homogenous, and then discuss how to relax 
these simplifying assumptions. 
 
The empirical section of the paper illustrates how our methodology can be employed to investigate policy relevant 
issues. In particular, we investigate the effects on internal and external deprivation contagion of not working, 
distinguishing the unemployment from the inactivity. To do so, we use the Italian and Spanish data included in the 
European Community Household Panel. In order to compare groups of women and identify the effect of the 
treatment (i.e. changes in employment status or the decision of being inactive), we implement propensity score 
matching. 
 
Our findings suggest that working seems to act as a protective mechanism both to external shocks and, to a lesser 
extent, to internal contagion. That is, on top of the obvious effects on current financial situation, working procures 
better inclusion prospects for tomorrow. Conditional on losing one’s job, women who subsequently search for a job 
are more likely to experience deprivation contagion than women who do not search. However, women whose 
inactivity is due to housework duties, child caring and rearing or looking after other dependent persons, face larger 
external contagion probabilities than observationally equivalent unemployed women. 
 
                                                          
7 The treatment group consists now of women whose inactivity is due to housework or caring duties. See Appendix C 
for information on matching quality and logit estimates for propensity score. 
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Table 1.  Dimensions of analysis 
 
Having an adequate income (POOR) 
 Equivalent household income below 60% of the median 
  
Basic needs fulfillment (BASIC) 
 Not eating meat or the like every second day  
 Being unable to buy new, rather than second hand clothes 
 Being unable to pay bills, rent, etc.  
 Color TV  
 Video recorder  
 Telephone  
 Having friends or family for a drink/meal at least once a month 
  
Having an adequate house (HOUSING) 
 Not having an indoor flushing toilet  
 Not having hot running water  
 Not having enough space  
 Not having enough light  
 Not having an adequate heating facility  
 Not having damp walls, floors, foundation... 
 Not having a leaky roof  
 Not having rot in the window frames, floors  
  
Ability to have social relationships (SOCIAL) 
 Frequency of talk to the neighbours  
 Frequency of meeting people  
  
Being healthy (HEALTH) 
 Health of the person in general  
 
 
 Table 2. Descriptive statistics of treatment groups after matching 
 
 (a) (b) (c) 
Covariate Spain Italy All All All 
Living in consensual union (%) 64.94 63.76 64.39 72.93 86.63 
New member born (%) 8.08 6.38 7.3 9.8 15.84 
One or more children (%) 35.37 29.36 32.43 31.7 41.99 
Low education (%) 66.16 56.21 61.62 66.67 74.26 
Blue collar (%) 53.35 42.79 48.61 50.07 58.17 
Mean monthly wage  529.14 686.76 597.93 620.24 512.43 
Mean age 35.8 38.51 37.17 40.17 38.35 
Social exclusion dimensions      
 Poverty (%) 20.27 24.5 22.52 19.46 21.04 
 Basic (%) 20.12 24.66 22.68 19.59 20.3 
 Housing (%) 25.76 13.42 20.14 17.82 19.8 
 Health (%) 5.95 4.36 5.55 6.94 4.95 
 Social (%) 7.01 13.76 10.15 9.8 7.43 
Mean susceptible dimensions 4.21 4.19 4.19 4.26 4.26 
No. observations 657 596  1261 735 404 
 (a) Treatment groups are jobless women in (a); inactive women in (b); inactive women due to housework or child bearing. 
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Table 3.  Deprivation escape probabilities 
 Treatment group: jobless women. Control group: women in paid job 
 
  Control  group Treatment  group 
Difference:  
(treatment-controls) 
  qe qn qe qn 1- qe 1- qn
0.931 0.983 0.908 0.977 Spain (0.000) (0.000) (0.000) (0.000) 2.30% 0.60% 
0.912 0.995 0.894 0.992 Italy (0.003) (0.004) (0.000) (0.000) 1.80% 0.30% 
0.939 0.987 0.901 0.984 ALL (0.000) (0.000) (0.000) (0.000) 3.80% 0.30% 
 Note: standard errors in parenthesis below point estimates 
 
 
 
 Table 4. Deprivation escape probabilities (pooled sample). 
 Treatment group: inactive women. Control group: unemployed women 
 
  qe qn
0.911 0.995 Inactive (0.003) (0.004) 
0.885 0.944 Unemployed (0.000) (0.000) 
No. Observations 735 
 Note: standard errors in parenthesis below point estimates 
 
 
 
Table 5.  Inactive women: reasons for not looking for a job (pooled sample before matching) 
 
Reasons for not looking for a job: Percent 
Engaged in other activity (study, training, community or military service) 9.7 
Housework, looking after children or other persons 55.6 
Retirement 17.9 
Own illness, injury, incapacitation 5.0 
Other reasons 11.9 
No. Observations 756 
 
 
 
Table 6. Deprivation escape probabilities (pooled sample).  
Treatment group: inactive women because housework and child bearing.  
Control group: unemployed women 
 
  qe qn
0.908 0.997 Inactive (*) (0.003) (0.004) 
0.916 0.928 Unemployed (0.000) (0.001) 
No. Observations 404 
 (*) because of housework duties and child bearing 
 Note: standard errors in parenthesis below point estimates 
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Appendix A: Evaluation of the occurrence of joblessness 
 
 
 
Matching quality: tests for mean differences before and after matching 
 
Spain Italy All Ho: mean(diff) = 0 
Pr(|T| > |t|) before after before after before after 
Living in consensual union 0.0013 0.9999 0.1519 0.6268 0.3245 0.5067 
New member born 0.0000 0.1357 0.0080 0.5292 0.0000 0.9384 
No. children  0.4029 0.2534 0.0157 0.8356 0.3354 0.2648 
Education  0.0000 0.4172 0.0000 0.3560 0.0000 0.3715 
Blue collar  0.0000 0.0727 0.0000 0.8642 0.0000 0.7194 
Monthly wage  0.0000 0.0317 0.0000 0.0184 0.0000 0.0098 
Country  --- --- --- --- 0.0000 0.8928 
South 0.0000 0.5917 0.0000 0.2466 --- --- 
Age 0.6407 0.1701 0.0091 0.0373 0.0805 0.1995 
Poverty  0.0000 0.9462 0.0000 0.7754 0.0000 0.0567 
Basic  0.0000 0.5866 0.0000 0.1911 0.0000 0.1692 
Housing  0.0000 0.6577 0.0655 0.2936 0.0000 0.1981 
Health  0.0000 0.7327 0.0067 0.0848 0.0000 0.6123 
Social  0.7596 0.6620 0.1737 0.5025 0.4560 0.9478 
Susceptible dimensions 0.0000 0.5223 0.0000 0.0606 0.0000 0.2873 
No. observations 669 657 602 596 1271 1261 
 
 
 
Logit estimates for the propensity score (calliper=0.01) 
 
All Italy Spain y = being jobless at t 
Coef.   Std. Err. Coef.   Std. Err. Coef.   Std. Err. 
Age -0.154 ** 0.014 -0.193 ** 0.020 -0.110 ** 0.020 
Age-squared 0.002 ** 0.000 0.003 ** 0.000 0.002 ** 0.000 
New members born 0.651 ** 0.095 0.474 ** 0.135 0.856 ** 0.140 
Living in consensual union 0.233 ** 0.053 0.105  0.077 0.361 ** 0.075 
No. of children 0.036  0.032 0.041  0.046 0.028  0.045 
Low education 0.138 ** 0.051 0.164 * 0.070 0.118  0.075 
blue collar 0.093  0.051 0.290 ** 0.069 0.164 * 0.072 
Monthly wage -0.001 ** 0.000 0.124  0.072 0.066  0.074 
deprivation 0.165 ** 0.057 -0.001 ** 0.000 -0.001 ** 0.000 
poverty 0.344 ** 0.060 0.148  0.077 0.141  0.088 
social 0.062  0.071 0.199 * 0.084 0.408 ** 0.093 
healthy 0.344 ** 0.112 0.068  0.089 0.063  0.119 
housing 0.066  0.058 0.152  0.161 0.538 ** 0.162 
Country is Spain 0.118 ** 0.044 ---  --- ---  --- 
South ---  --- -0.065  0.093 0.150 * 0.077 
constant 2.277 ** 0.252 2.911 ** 0.366 1.609 ** 0.349 
Log-likelihood -2322.913 -1198.693 -1091.412 
Pseudo- R2 0.195 0.178 0.227 
Note: all covariates are measured at t-1 
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Appendix B: evaluation of the decision of being inactive 
 
 
 
Matching quality: tests for mean differences before and after matching 
 
Ho: mean(diff) = 0 
Pr(|T| > |t|) Before After 
Living in consensual union 0.000 0.385 
New member born 0.000 0.795 
No. children  0.027 0.306 
Education  0.000 0.683 
Blue collar  0.233 0.690 
monthly wage  0.005 0.095 
country  0.012 0.463 
age 0.000 0.307 
poverty  0.000 0.097 
basic  0.000 0.849 
housing  0.023 0.228 
health  0.000 0.151 
social  0.371 0.092 
susceptible dimensions 0.000 0.9359 
No. Observations 756 735 
 
 
 
Logit estimates for the propensity score (calliper=0.01) 
 
  All   y =being inactive at t 
Coef.   Std. Err. 
Age -0.189 ** 0.026 
Age-squared 0.003 ** 0.000 
New members born 0.870 ** 0.162 
Living in consensual union 0.493 ** 0.102 
No. of children 0.079  0.056 
low education 0.262 ** 0.092 
blue collar -0.075  0.088 
Monthly wage 0.000  0.000 
deprivation -0.257 ** 0.095 
poverty -0.110  0.095 
social -0.101  0.130 
healthy 0.451 * 0.210 
housing -0.103  0.098 
Country is Spain -0.197 * 0.081 
constant 2.653 ** 0.452 
Log-likelihood 715.14923 
Pseudo- R2 0.1665 
Note: all covariates are measured at t-1 
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Appendix C: Evaluation of the decision of being inactive because of housework and child bearing 
 
 
 
Matching quality: tests for mean differences before and after matching 
 
Ho: mean(diff) = 0 
Pr(|T| > |t|) Before After 
Living in consensual union 0.000 0.052 
New member born 0.000 0.852 
No. children  0.447 0.618 
Education  0.000 0.156 
Blue collar  0.000 0.530 
Monthly wage  0.039 0.061 
Country  0.269 0.692 
Age 0.000 0.723 
Poverty  0.011 1.000 
Basic  0.004 0.608 
Housing  0.310 0.538 
Health  0.005 0.870 
Social  0.055 0.681 
Susceptible dimensions 0.002 0.9020 
No. Observations 420 404 
 
 
 
Logit estimates for the propensity score (calliper=0.01) 
 
  All   y = being inactive at t because 
of housework and child bearing Coef.   Std. Err. 
Age -0.087 * 0.033 
Age-squared 0.001 ** 0.000 
New members born 1.229 ** 0.171 
Living in consensual union 0.919 ** 0.124 
No. of children 0.080  0.064 
Low education 0.475 ** 0.112 
Blue collar -0.061  0.105 
Monthly wage 0.000 * 0.000 
Deprivation -0.221 * 0.112 
Poverty -0.120  0.113 
Social -0.214  0.166 
Healthy 0.349  0.251 
Housing -0.078  0.115 
Country is Spain -0.130  0.096 
Constant 0.192  0.577 
Log-likelihood -507.282 
Pseudo- R2 0.2114 
Note: all covariates are measured at t-1 
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